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ABSTRACT

This thesis is concerned with the development of an Advanced Driver Assistance System
(ADAYS) that informs drivers about the safety instructions deciphered from the road signs on
the signposts to prevent untoward incidents. To this end, two pipelines with the first comprising
the road sign detection and classification modules (called DC-based the second comprising an
additional tracking module (called DTC-based) are attempted in this thesis with a view to
making them functionally effective and computationally inexpensive.

A Color-Based Detector (CBD) is chosen for the detection of road signs, which utilizes the
information theoretic threshold condition for localization, the normalized RGB features, the
histogram of gradients (HOG), and a Support Vector Machine (SVM) for the detection of road
signs, and a two-stage multiscale Convolutional Neural Network (CNN) model for the
classification. This CBD is shown to have the best recall and speed. A preliminary study has
been conducted to address the hazardous conditions, such as rainy and poorly-lit world scenes,
using the sigmoid-based enhancement operator.

To reduce the false positives, a Tracking Framework (TF) is developed based on the
Intersection over Union (IoU) and the correlation coefficient (CC). This TF, assisted by CC,
tracks the road signs across frames using a sliding window approach that aids in locating the
road signs missed by the detector. Alternatively, two learning-based trackers named Particle
competitive cooperative learning model (PCCLM) based tracker using the existing CCLM and
Particle self-learning model (PSLM) based tracker using the new SLM are developed. For road
sign tracking, both PCCLM and PSLM trackers were found to perform better than the well-
known Kalman filter.

For the classification of the detected and tracked road signs, the above CNN model is utilized,
and an experimental rejection threshold reduces the false positives. To take account of the
uncertainty in the road signs, feature maps from appropriate layers of the deep learning neural
network architectures are converted into the deep hesitancy features, classified by SVM. Three
variants of the Hanman transform (HT) classifier, of which the fast and faster variants operate
by delinking the training feature vectors from the test feature vectors, are also developed to
deal with the uncertainty in the feature values and to reduce the computational complexity. In
this, the HT called a criterion function works on the t-normed error vectors between the training
feature vectors of each class and a test feature vector to identify the class label of the test
sample. The proposed Detection Classification (DC) and Detection-Tracking-Classification
(DTC) based two pipelines are compared on different datasets with the created pipelines using
the literature tools and are shown to outperform them.

Some of the noteworthy contributions of the thesis include: 1) formulation of new detectors
based on the normalized RGB features and the HOG features, ii) development of the
incremental hesitancy features using the pervasive membership function concept that accounts
for the deficiency in the fuzzy modelling, iii) proposition of the correlation coefficient based
TF, iv) development of two learning-based trackers, and v) the design of both the fast and faster
Hanman transform classifiers aimed at speeding up the classification of the confirmed road
signs.
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IR (Abstract)

g XMY-YGY TP 3I7d d1cih eIl Jura! (Advanced Driver Assistance System—ADAS)
P T @ A 8, St 9169 IS Bl AISTURE WR IUASY TSH Tbd! (road signs)
| UTW JR&T FeR P SaRe # I3 GiId Heal 8, dlfep fdifed/gdedrory ge-sil
P NPT oIl G | 59 3£ od, 39 MY-YaY T S Urguars-i &1 yard foar marg—
ygent A qJsh Jddhd ggda™ (detection) T Fiffe=ur (classification) IIV'IW gffera %
(™1 DC SuTid w1 T 8), Jafe gt § Te ifafvad fdh (tracking) ATy ot
gfwrfera 8 (= e snutlRd $81 a1 8)—drfe 3 Q1 Frafds U I THE 9T
TUMFTHS ©U T HH Tfcll a9 TP | P JPbdl B Uga- & [T per-dvs fedaer
(Color-Based Detector) (CBD) G| AT a1 %, c 1l -@@TW (information theoretic)
ITBIE HoITT P ATHH A AP ATSHL HdT g, 94T AHASes ARl B
(normalized RGB features), ey 3w a%qaﬂ (Histogram of Gradients) (HOG) 3R
TqUI¢ daex =i (Support Vector Machine) (SVM) &I SUGRT TP Jsdh Tdbdl Bt
UgTH BT 3; 914 g1 B0 & oY - R AT d H-aIegR-d YRd Aead
(two-stage multiscale Convolutional Neural Network) (CNN) Hisd &1 WA far T
21 g CBD S=aH Rala iR a9 71 uefRia wwar 81 39 sifafve, auf aur #4-
AR (poor-lit) il BFeR® uRfRufaal @1 daifta $31 3qg Rruigs-snurfied
Q%Tqﬁ'a' (s1gm01d -based enhancement operator) & IUANT W U URfY®
3y fOar 4T 81 WieH UTIfesH (false positives) B! HH HI1 & [T ST
3 Tjﬁl’q"_'l (Intersection over Union) (IoU) T FIRATH aﬁviﬁ?ﬁma (correlation
coefficient) (CC) URX 3IT aTfed U a'ﬁ‘ﬂT HHIS (Tracking Framework) (TF)
far mar %I Yg TF CC P! Ggradl T WTE%"T fast s (sliding window approach)
BT ITURT Fa §U Hl & fH s Ydbdl &I ¢P Hedl 8, PR fedaer gr1 ge
@Wmaﬁ mﬁﬁwaﬂﬁﬁmmél WW'\Q alearnlng-
based trackers—(i) uifidepd srdifed slsiiufeg affn afsa (Particle competitive
cooperative learning model) (PCCLM) 3IT T 23’_{ (\_tﬁ existing RfteeeH (CCLM)
BT IUART Hdl %) T (i) uifdwa ew-af disd (Particle self-learning model)
(PSLM) 3R (STl ¢ THUATH (SLM) BT ST HdT 8)— i faefa fee
M| ISP Hovd & forg, tiRfreaed (eccLmy Gﬁ?lﬂqwz?nm (PSLM) S
Eﬂm e ST fPeex (Kalman filter) B @1 § dgd% UM 4T 81
U89 U 94T ¢ fHhU 7T & Adbdl & Fiffev & g Iuded Heaed arsd
(CNN model) T ST foaT T %’ MR Udh U o= m (experimental
rejection threshold) gIRT Tieq gifeifesd (false positives) ®1 $4 fHar T %I Jsdh
et B SUFRAT T (uncertainty) Bt ST & Y@ §T, v a1 R Jead
mﬁméﬁﬁwuﬁmﬁm (feature maps) aﬁé’rq%ﬁ%ﬂﬁuﬂaﬁ
(deep hesitancy features) H ufvafda fear man % e ifeur Wﬁ@ (SVM) gIRT
far srar %I 3?%7 Glﬁlﬂﬁﬁ eHA EHTFI'# (Hanman transform) (HT) FATRIBTAR
(classifier) & d %h‘qz' ﬁwﬁm foe M@ %, o wre (fast) dUT WICX (faster)
aﬁm aﬁ"T PR daed (training feature vectors) P T IR dae (test feature vector)
¥ SIfid (delink) PP SATATET BIER IeGH (feature values) BT TUTA R TUFTHD
Sifeadr (computational complexity) e # Helddh fﬁ% %'I Eﬂﬁ, Wﬁ’cﬂ R
(criterion function) FETH Tad (HT), TA® T (class) & aﬁ"T PR daeyd (training
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feature vectors) 3R T BIR Ao (test feature vector) ¥ d 91 AT TR Jacd (t-
normed error vectors) U P B3P < Jud (test sample) DT eIl dad (class label)
e wan %I YdTfad fScaRM-Faitha (Detection—Classification) (DC) ddUT
fgcaem- W FATIh BRI (Detection—Tracking—Classification) (DTC) ST gl
mﬁﬁ‘—ﬁ &1 ﬂ?F‘lT faftra @?@W (datasets) UX Tifec (literature) H Iudsy e
(tools) dUT faffa s J IS UIUIg Y (baseline pipelines) & 1Y Bt TI’E‘ % 3R 'QﬁUTITﬁ'
¥ 78 R gan @ i uarfaa urguarsA S99 dedr UeRH &l 81 39 WMYU-TaY &
PO HgdyUl AN FUfafdd §: i) ATHasss sReite! Wi (normalized RGB
features) T F\ﬁT W (HOG features) U 3T T Gy feeaed (detectors) PT ﬁTIfUT,
ii) TRAfYg AR BaRE (pervasive membership function) B YR BT IUART
A Y m U’ﬁﬂﬁ (incremental hesitancy features) ®@T ﬁwm I Wit
Hrsfert (fuzzy modelllng) FI FHI HI ARG Har % iii) FIRATH ﬁvfﬁ?&rqz
(correlation coefficient) (CC) Tid a'QTF (TF) &I U4, iv) ?f affras m
(learning-based trackers) PI ﬁm T v) Ef@ ﬁm' MY 95 Tbdl & qIffepor &1
I T 3G BRE (fast) TUT BRLY (faster) TTHT TIBIH FATRIGRIY (Hanman

transform classifiers) T ﬁ':TrI'I?z_"TI
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